Abstract. Living in the era of social networking, coupled together with great advances in digital multimedia user-generated content, motivated us to focus our research work on humanistic data generated by such activities towards new, more efficient ways of extracting semantically meaningful information in the process. More specifically, the herein proposed approach aims to extract areas of interest in urban areas, utilizing the increasing socially-generated knowledge from social networks. A part of the area of interest is selected, then split into "tiles" and processed with an iterative merging approach whose goal is to extract larger, "homogeneous" areas which are of special (e.g., tourist) interest. In this work generated areas of interest focus on interesting points from the humanistic point of view, thus covering in general main touristic attractions and places of interest. In order to achieve our goals, we exploit two types of metadata, namely location-based information (geo-tags) geo-tags and simple user-generated tags.
Introduction
The recent great emerge of social media and social activities, together with advances in digital multimedia user-generated content, shifted research interest to unprecedented domains, like the ones related to the acquisition of information and analysis of the online "footsteps" or presence of users. The latter is often used to produce semi-automatic knowledge about users' whereabouts, interests or even recommend them additional, semantically related information towards covering their information needs. In this framework photographs accompanied by useful metadata information, like tags and/or geo-tags, are considered to be the ideal source of information for the discovery of meaningful, popular trends with respect to users' behavior. More specifically, location-based info mined from such geo-tagged images offers a great opportunity to analyze users' preferences in their daily lives and complement the knowledge of their social activities through the utilization of associated tags. In this paper we present a novel approach that exploits both tags and geo-tags, towards the discovery of areas of interest.
Still, the above interpretation would be insufficient, in case it ignored the underlying semantics. By introducing a semantic geo-clustering approach we provide a novel analysis framework to merge meaningful areas of interest. In this manner we simultaneously take into consideration both location-based information in the sense of user transitions and user-location relations by incorporating respective semantic knowledge. The proposed method attempts to improve related supervised clustering approaches, by adding the inherent semantics of user tagged images derived from Flickr social network in order to enhance the precise establishment of the analysis classes. More specifically, the herein presented approach is evaluated using a large Flickr dataset consisting of approx. 80K geo-tagged images taken in Athens, Greece.
The rest of the paper is organized as follows: In next Section 2 we present relevant research efforts that also exploit user-generated geodata and metadata from Flickr. The proposed method is presented in Section 3. Then, in Section 4 we present early experimental results, along with the dataset used. Finally, we draw our conclusions and discuss plans for future work in Section 5.
Related Work
The motivation of this work is to ultimately "discover" large and somehow "homogeneous" areas of interest, by merging small geographic "tiles", based on sets of tags that have been added spontaneously by Flickr users. We feel that this work in novel and to the best of our knowledge there does not exist one to be compared with in terms of the produced results. However and since the aforementioned areas of interest are mainly constituted by tourist attractions (since tags have been harvested by touristic photos), it is related to research activities that aim to provide recommendations of places and/or trends using information directly from geo-tagged photos of Flickr. In general, metadata extracted from Flickr, with or without the aid of visual information have been extensively used in the literature for various research goals.A survey may be found in [8] .
Since tags form the most "primitive" type of used-generated knowledge, they have been used in many research efforts. Tags, date information and geo-tags have been exploited by Chen and Roy [3] , who used temporal and location distributions and photo visual similarity to extract mainly periodic events. Discovering trends for tourist attractions was the goal of Van Canneyt et al. [9] , whose recommendation system adopted a probabilistic approach, ranking places of interest according to their popularity and user-related temporal information. Data clustering on geo-tagged photos was also the goal of Kisilevich et al. [5] who aimed to determine urban areas of interest by analyzed spatial and temporal distributions of metatdata so as to identify events and ranked places of interest. Cao et al. [2] , proposed a tourism recommendation system. They used mean shift clustering and built a set of representative images and tags for each cluster. Ahern et al. [1] analyzed tags that have been collected from geo-tagged photos of a specific area, and upon a TF-IDF-based approach extracted a set of the most representative ones. Similarly, Serdyukov et al. [6] aimed to predict the location photos were taken, relying solely on textual tags.
Geo-Clustering Algorithm
In this Section we shall present in detail the proposed algorithm. It first divides a large region into square "tiles" (sub-regions), of small, fixed size, then adopts a graph-based representation to model connectivity of neighboring tiles, each described by a set of tags. Tiles are merged and upon an iterative process, a set of larger areas is determined within the initial region. At the following we will use "tile" and "sub-region" interchangeably.
Notation and Definitions
We first select a region from the urban area of interest. Then, we divide this region into sub-regions. Many approaches have been proposed for this, e.g., in our previous work [7] we used equally-sized, round, overlapping regions. However, this would imply that overlapped tiles would share descriptions (tags), which is not a desired property in the context of this work. Thus, herein we adopt a simpler square grid-based approach, since we focus on the description and merging of sub-regions, each having an empirically set, fixed width, W R . Now, let R denote a given region containing a set of photos P . Let also R i,j denote its tiles, each containing a set of photos P i,j , thus ∪ R P i,j = P , a set of tags T i,j , containing all tags from photos in P i,j and a subset D i,j of T i,j , which constitutes the tag-based region description. In the aforementioned grid, i and j denote the corresponding line and column.
Since we have adopted a square grid, the most intuitive approach is to use 4-connectivity, to define the set of the initial neighboring tiles
Of course, when tiles are merged, the set of neighbors of the resulting sub-region is the intersection of neighbors of the initial tiles.
Region Description
For each tile, we exploit T i,j to create its semantic representation D i,j . We expect that among the user-generated tags, we shall encounter some that describe it by means of locality (e.g., Thiseio) or landmark(s) (e.g., Acropolis). Even though users tend to add "personal" tags (e.g., a name), we expect that a subset of the most "popular" tags (i.e., selected by the majority of users) will be able to describe a tile in a discriminable way. Thus, for
is the set of the L most "popular" tags, where popularity is measured in terms of the number of users that have used a specific tag within it. for each Ri,j ∈ R do 3:
Algorithm 1 Semantic Geo-Clustering
merge flag ← TRUE 4:
best match N ← ∅ 5:
best match ← S 6:
while merge flag = TRUE do 7: for each N ∈ Ni,j do 8: 
Region Merging
One of the challenges when comparing two sets is to select an appropriate (dis)similarity measure. Herein we use the Jaccard distance [4] , which consists a well-known measure for comparing the similarity and diversity of sample sets.
Jaccard similarity J(A, B) between two sets A, B is given by
where in our case A, B are the sets of tags representing two tiles, extracted using the methodology described in Section 3. is a user-defined similarity threshold. The merging process starts from R 1,1 and continues horizontally. The distance to all its neighbors is checked. It is merged with the tile whose similarity is the max among all those whose similarity is greater than S, if any. For a new tile, its description is calculated based on the union of the sets of tags and the process continues by checking the similarities to its neighbors. In case there does not exist a neighbor with similarity greater than S, the process continues with the next unmerged tile. A graphical example of the tile merging process is illustrated in Fig. 1 . Semantic geo-clustering, Jaccard similarity and region merging are presented in pseudocode in Algorithms 1, 2 and 3, respectively.
Experiments
For the experimental evaluation of our approach we used an urban image dataset which consists of a total of 79, 465 photos collected from the center of the city of
Algorithm 2 Jaccard Similarity
Input: Tile Description D1, Tile Description D2, Tile Description Length L Output: Jaccard Similarity Measure JS of Descriptions D1, D2
D1 ← Sort(D1) // sort tags based on number of users 3:
return JS 8: end function
Algorithm 3 Region Merging
Input: Sub-region R1, Sub-region R2 Output: Merged sub-region Rnew
Create(Rnew) // Create an "empty" new region 3:
Dnew ← Description(T1, T2) // Create description of new region, based on tags of R1, R2
4:
Nnew ← N1 + N2 − N1 ∩ N2 // Create set of neighbors of new region 5:
for each N ∈ Nnew do 6:
N.Nij ← Rnew 8: end if 9:
end for 10:
return Rnew 11: end function
Fig. 1.
Merging process: For a given tile (a), at a given step, one of its neighbors is considered as a candidate for merging (b). Their similarity is above the given threshold S, thus they are merged (c). At another step, a neighbor of the new tile is considered as a candidate for merging (d). Their similarity is above S, thus, they are merged (e).
Athens, Greece. All these photos are geo-tagged, dated between January 2004-December 2015 and collected from Flickr using its public API 4 . More specifically we queried Flickr for a region covering what is in general considered to be the center of the Athens, (i.e., where the main touristic attractions are located) and retrieved all geo-tagged photos. This rectangular area is equal to 7 increase in S may lead to a significantly improved qualitative result. Also, the result of Fig. 3(a) is quite close to the ground truth. We should note that at this early stage of research it is pointless to provide a more quantitative result, e.g., by measuring the coverage of the ground truth. Finally, it is also worth mentioning that the algorithm merges also some additional regions, irrespectively to the ground truth ones; the latter still produce a meaningful merging result, however not of touristic interest, like the ones on the bottom right of Fig. 3(a) .
In this paper we presented an approach which aimed to extract areas of interest in urban areas, using socially-generated knowledge from Flickr. We selected a part of the city of Athens, split it into "tiles"and proceeded with an iterative merging approach whose goal was to extract larger, "homogeneous" areas of the city which are of tourist interest. We showed that our approach succeeds when its parameters are selected appropriately. The generated areas cover in general the main touristic attractions and places of interest of the city center, and their boundaries often are close to those that a local resident may determine if asked. We should emphasize that we used almost "raw" tags, i.e., we did not use any "intelligent" technique to select/filter tags based on their relevance to the problem at hand, apart from the process described in Section 4.
In future work we plan to further improve the proposed algorithm and apply it into larger urban areas (e.g. the whole city of Athens and other major European cities). We also aim to perform an exhaustive evaluation, regarding the sizes of tiles, sets of tags to consider and similarity threshold and investigate whether a set of parameters shows satisfactory performance in more cities. We also wish to evaluate the results by real life users. A possible way is to consider the output of our system as a set of tourist recommendations and focus on user satisfaction. However, such an evaluation has been shown to be a difficult and expensive task, which may involve empirical issues in the process. Thus it should not also involve local residents but also visitors in both the construction of a "ground truth" and the assessment of the system's output.
